Abstract. Visual context is one of the important clue for object detection and the context information for boundaries of an object is especially valuable. We propose a boundary aware network (BAN) designed to exploit the visual contexts including boundary information and surroundings, named boundary context, and define three types of the boundary contexts: side, vertex and in/out-boundary context. Our BAN consists of 10 sub-networks for the area belonging to the boundary contexts. The detection head of BAN is defined as an ensemble of these sub-networks with different contributions depending on the sub-problem of detection. To verify our method, we visualize the activation of the sub-networks according to the boundary contexts and empirically show that the subnetworks contribute more to the related sub-problem in detection. We evaluate our method on PASCAL VOC detection benchmark and MS COCO dataset. The proposed method achieves the mean Average Precision (mAP) of 83.4% on PASCAL VOC and 36.9% on MS COCO. BAN allows the convolution network to provide an additional source of contexts for detection and selectively focus on the more important contexts, and it can be generally applied to many other detection methods as well to enhance the accuracy in detection.
Introduction
Object detection is one of the core problem among computer vision tasks because of its extensiveness of applicable areas, such as robotics, visual surveillance and autonomous safety. In recent years, there have been outstanding achievements in objects detection by successfully deploying a convolutional neural network [12, 15, 16, 19, 21, 22, 23] . Despite its success, there is still a gap between current state-of-the-art performance and perfectness, and many challenging problems remain unsolved.
Visual context is a powerful clue for object detection and the context around boundaries of an object such as the surroundings and the shape of the object is The boundary contexts provide information that could be lost due to mis-aligned proposals for more accurate classification and localization. (2) Depending on the sub-problem, the importance of the context may be differently weighted. The detector can localize more accurately by focusing on a specific area. (3) As the nearby objects are included or excluded by the context, the relationship between the object of the proposal and the nearby objects can be considered. For example, a person on a horse has a valid relationship, but a horse on a chair has a invalid relationship.
especially valuable. Many advantages can be expected by exploiting the boundary contexts in addition to a given proposal for detection (Fig. 1) . The detection frameworks search the objects across the proposals generated from region proposal algorithms such as selective search [26] , edge boxes [29] and region proposal network [23] . However, mis-aligned proposals with large differences in the location and size of objects may cause difficulties in detection due to the lack of information. The boundary context can be an additional source of information for detection and this contexts allow the detector to selectively focus on more important contexts depending on the sub-problem. The entire network includes and excludes the relationship of the surrounding context, thereby focusing on the partial detail of the object or considering the relationships between objects.
We propose a boundary aware network (BAN) designed to consider the boundary contexts and empirically prove the effectiveness of BAN. BAN efficiently represents the relationship between the boundary contexts by implementing the contexts as different sub-networks and improves the accuracy in detection. We use a total of 10 boundary contexts from the three different types of pre-defined boundary contexts: side, vertex and in/out-boundary context. Our BAN consists of 10 corresponding sub-networks for the area belonging to the boundary contexts. The detection head of BAN is defined as an ensemble of these sub-networks with different contributions depending on the sub-problem. We prove the validity of our methods by visualizing the activation of BAN and measuring the contribution of BAN's sub-networks.
We conduct experiments on two different datasets of object detection and experiments for the strategies for BAN such as a combination of boundary contexts, a feature resolution of sub-networks and sharing of features. The proposed BAN shows the improvement of 3.2 mean Average Precision (mAP) with a threshold of 0.5 IoU from R-FCN [15] and 1.2 mAP from Deformable R-FCN [4] on PAS-CAL VOC [10] , and the improvement of 4.5 COCO-style mAP from R-FCN and 2.4 COCO-style mAP from Deformable R-FCN on MS COCO [18] . The experiments verify that BAN improves the accuracy in detection and each boundary context have a distinct meaning for detection.
We make three main contributions:
• We develop the boundary aware network to consider the boundary contexts around the given proposal and study empirically the influence of the boundary context on classification and bounding box regression. Our BAN makes it possible to detect objects more accurately by combining sub-networks of different importance according to the detection head.
• We empirically demonstrate the effectiveness of BAN for object detection. We visualize the activation of the sub-networks according to the boundary contexts and empirically prove that the boundary contexts of BAN contribute more strongly to the detection head if they are intuitively related to each other. These related contributions suggest that BAN implies distinct meanings than naive ensemble of sub-networks.
• BAN allows the convolution network to provide an additional source of contexts for detection and selectively focus on more important contexts, and it can be generally applied to many other detection method as well to enhance the accuracy in detection.
This paper is organized as follow. We review the related works in Section 2. We demonstrate the proposed BAN and show the effectiveness of BAN in Section 3. We conduct experiments on two object detection datasets and also present several experiments on the strategies for BAN in Section 4. We conclude in Section 5.
Classic Object Detectors. The sliding-window paradigm, in which a classifier is applied on a dense image pyramid [1, 13] , have been used for a long time to localize objects of various sizes. Viola and Jones [27] used adaptive boosting with Haar features and a decision stump as a weak classifier primarily for face detection. Dalal and Triggs [5] constructed human detection framework with HOG descriptors and a support vector machine. Dollár et al. [9] developed integral channel features, which extract features from channels such as LUV and gradient histogram with integral images, with a boosted decision tree for pedestrian detection. They expanded it to aggregated channel features and a feature pyramid [8] for fast and accurate detection framework. Deformable parts model (DPM) [11, 28] extend conventional detectors to more general object categories by modelling an object as a set of parts with spatial constraints. While the sliding-window based approaches had been mainstream for many years, the advances in deep learning lead CNN-based detectors, described next, to dominate object detection. Modern Object Detectors. The dominant paradigm in modern object detection is a two-stage object detection approach that generates candidate proposals in the first stage and classifies the proposals to the background and foreground classes in the second stage. The first-stage generators should provide high recall and more efficiency than a sliding window and directly affect the detection accuracy of the second-stage classifiers. The representative region proposal approaches are selective search [26] , edge boxes [29] and region proposal network (RPN) [23] . As the representative two-stage object detection framework, Fast and Faster R-CNN [12, 23] proposed the standard structure of CNNbased detection and show good accuracy in detection. These methods extract RoI-wise convolutional features by RoI pooling and classify RoIs of the proposals to the background and foreground classes using RoI-wise sub-networks. Region-based fully convolutional networks (R-FCN) [15] improved speed by designing the structure of networks as fully convolutional by excluding RoI-wise sub-networks. However, two-stage decision makes the detectors not practical enough. One-stage detectors such as SSD [19] and YOLO [22] showed practical performance by focusing on the speed/accuracy trade-off. These detectors have a 5-20% lower accuracy in detection with 30-100 FPS. We experiment our BAN with R-FCN and show the improvement in the detection accuracy. Residual Network. The residual network [14] , one of the most widely used backbone networks in recent years, was proposed to solve the problem that learning becomes difficult as the network becomes deeper. Against the expectation that stacking more layers increases accuracy with more capacity, deeper networks exposed to a degradation of both training and test accuracy. The degradation of training accuracy implies that the difficulty of learning from deep structures, rather than over-fitting, causes the degradation. The residual learning prevents the deeper networks from having a higher training error than the shallower networks by adding shortcut connections that are identity mapping. It is easier for the residual block to learn the residual to zero than to learn the desired mapping function directly. By designing the desired mapping as a residual function, the residual block makes learning easier for deeper networks. Detection with Context. Context is an important clue in the applications of computer vision such as detection [6, 7] , segmentation [2] and recognition [3] . Ding et al. [6] designed the contextual cues in spatial, scaling and color spaces and developed an iterative classification algorithm called contextual boost. AZ-Net [20] accurately localizes an object by dividing and detecting the region recursively. Because the divided regions quite differ from the object area at first, it uses the inner and surrounding contexts to iteratively complement the imperfectness of the regions. Deformable R-FCN [4] is a generalization of atrous convolution. It partially includes the effect of the visual context by exploring the surrounding at the cell level. FPN [16] /RetinaNet [17] exploit the contexts for scale by aggregating multi-scale convolutional blocks. These methods try to consider the contextual cues in various ways, however, they partially exploit the visual context. BAN provides the distinct context more directly for surroundings and can improve the performance of various detectors easily.
Boundary Aware Network
We propose a boundary aware network (BAN) to exploit the contexts for boundary information and surroundings, named boundary context, and define three types of the boundary contexts: side, vertex and in/out-boundary context. Visual context [2, 3, 6, 7] is one of the important clue for object detection. Because most of the detection frameworks pool convolutional features only from the proposal area, it is difficult to directly consider the areas not included exactly in the proposal and the relationship with the surroundings. The proposed BAN enhance the accuracy in detection by ensembling sub-networks that directly use boundary context of the proposal as additional information.
Here, R is one of the proposals for a given image x and C is a set of the boundary contexts c. g(R|c) denotes a generator that provides the boundary region related to R. The classifier and regressor f , that are the aggregation of detection f 0 for the original proposal and detection h for BAN that integrates corresponding sub-networks f c of each boundary context, are defined in the following form:
( 1) h is empirically built according to pooling methods such as RoI pooling and PSRoI pooling. In PSRoI pooling based implementation, each of f c is a detection head and h is a simple aggregation of the detection heads, and f is defined as the aggregation of baseline and sub-networks of BAN in Eq. 1. Thus, the propagated errors are equally transferred to each sub-network in the back-propagation: Because the error of the upper layer is propagated equally to each sub-network, sub-networks are learned in a balanced manner considering the importance of each context for the same goal. In Section 3.3, we show that each sub-network of BAN actually contributes more to the related sub-problem.
Architecture
We use a fully convolutional network that excludes the average pooling, 1000-d fully connected and softmax layers from ResNet-101 [14] as backbone. Each subnetwork in BAN takes a prediction map by stacking 1 × 1 convolution from the backbone network and uses PSRoI pooling [15] to calculate the objectiveness and bounding box of the given proposals. We employ 10 different sub-networks to deal with different boundary regions generated from g for the boundary contexts. BAN classifies and regresses a objectiveness and a bounding box of the proposal through a detection head that is an ensemble of 11 sub-networks' predictions in- cluding a sub-network for the original proposal (Fig. 2) . In the learning process, each sub-network is not learned to have the same importance, but is learned to have different magnitudes of contribution according to the sub-problems such as classification of person and relative regression of width, although it is a simple aggregation.
Boundary Context
We use a total of 10 boundary contexts from three different types of pre-defined boundary contexts: side, vertex and in/out-boundary context (Fig. 3) . The RoIs for side contexts are defined as regions having the same height and 2/3 width of the proposal, centered at each left and right side of the proposal and regions having 2/3 height and same width of the proposal, centered at the other parallel sides. The RoIs for the vertex contexts are defined as the regions having 2/3 of height and width of the proposal and are centered at each vertex of the proposal. The RoIs for the in and out-boundary contexts are defined as a half-size region and a double-size region, respectively, sharing center point with the proposal.
Visualization of BAN
We visualize the response of feature map that is activated on the closer area to the related object (Fig. 4) to show the effectiveness of BAN. Contribution shows that BAN is weighted more strongly to the related instance rather than backgrounds and Local Activation shows that the context is activated closer to the target. We also measured the classification contribution of BAN's sub-networks (Table 1). The contributions are almost uniformly distributed due to large variations of the objects, but the boundary contexts of ↑ and In, which can include the representative part such as head and detail, show a slightly larger contribution. The localizations contributions demonstrate that BAN works faithfully in considering the boundary context ( Table 2 ). The regression in vertical direction such as cy and height, are highly contributed by ↑ and ↓. In/Out-boundary contexts do not have a specific tendency but show a high contribution. We infer that the redundancy of the regions for base, in and out makes them play a similar role. We construct both visualization and contributions using PSRoI pooling based BAN for intuitive comparison.
Experiments
We conduct experiments on two different datasets of object detection and experiments with the strategies for BAN such as a combination of boundary contexts, a feature resolution of sub-networks and sharing of features. Our BAN shows the improvement of 3.2 mAP with a threshold of 0.5 IoU from R-FCN [15] and 1.2 mAP from Deformable R-FCN [4] on PASCAL VOC [10] , and the improvement of 4.5 COCO-style mAP from R-FCN and 2.4 COCO-style mAP from Deformable R-FCN on MS COCO [18] . The experiments show that BAN improves the detection accuracy of object detection and implies that the boundary contexts has a distinct meaning for detection among each other.
Implementation
Baseline. We use a fully convolutional network [15] that excludes the average pooling, 1000-d fully connected and softmax layers from ResNet-101 [14] . The last convolution block res5 in ResNet-101 has a stride of 32 pixels. Many detection and segmentation methods employ a modified ResNet-101 that increases the receptive fields by changing the stride from 2 to 1. To compensate this modification, the dilation is changed from 1 to 2 for all 3 × 3 convolution in the last layer. The last convolution block res5 in modified ResNet-101 has a stride of 16 pixels and we use this as backbone. We fine-tune the model from the pre-trained ResNet-101 model on ImageNet [24] . Structure. BAN can be implemented using any pooling methods such as RoI pooling and PSRoI pooling (Fig. 5) . We empirically determine the structure of BAN according to each pooling mehtod. BAN with PSRoI pooling integrates the sub-networks that are detection heads by aggregating them. BAN with RoI pooling extracts 256-d convolutional features from the sub-networks and builds a single detection head using the concatenated features. Both structures improve the detection accuracy. However, the former is easy to analyze the contributions of contexts because all detectors, including the baseline, were structurally identical, and the latter contributes to higher improvement in accuracy because it generates more distinct features for R-FCN based detectors. Learning. We use a weight decay of 0.0001 and a momentum of 0.9 with stochastic gradient descent (SGD). We train the network for 29k iterations with a learning rate of 10 −3 dividing it by 10 at 20k iterations for PASCAL VOC and for 240k iterations with a learning rate of 10 −3 dividing it by 10 at 160k iterations for MS COCO. A mini-batch consists of 2 images, which are resized such that its shorter side of image is 600 pixels. In training, the online hard example mining (OHEM) [25] selects 128 RoIs of hard examples among 300 RoIs per image. OHEM evaluates the multi-task loss of all proposals then discard the proposals with the small loss to make the detector more focus on difficult samples. The detection network is trained with 4 synchronized GPUs: each GPU holds 2 images. We use 300 RoIs per image, which is obtained from RPN and post-processed by non-maximum suppression (NMS) with a threshold of 0.3 IoU, for both learning and inference. Loss function. The loss function is defined as a sum of the classification loss and the box regression loss. The classification loss is defined as a cross-entropy loss, L cls (p, u) = − log p u , where p is a discrete probability distribution over K + 1 categories and u is a ground-truth class. The regression loss is defined as a smooth
where t k is a tuple of bounding-box regression for each of the K classes, indexed by k, and v is a tuple of a ground-truth bounding-box regression. Cost Analysis. We perform the cost analysis on the inference time and the memory consumption (Table 3 ). The analysis is performed using ResNet-101 and RoI pooling based BAN. Our BAN easily improves various detection methods with a reasonable increase in memory and computing time.
Comparison with Strategies for BAN
We experiment the strategies for BAN such as different combinations of boundary contexts, various feature resolutions of sub-networks, feature sharing and pooling method to construct effective BAN. The experiments are performed using ResNet-101 and PSRoI pooling based BAN on PASCAL VOC. Boundary Context. We conduct experiments on the types of boundary contexts (side, vertex and in/out-boundary contexts) and the combinations of the types (Table 4 ). All boundary contexts shows the meaningful improvement in the detection accuracy and the combination of the all three types of boundary contexts improves mAP @0.5 by 1.21 and mAP @0.7 by 2.71. This experiment shows that each boundary context have a distinct meaning for detection. Feature Resolution. We conduct experiments on the feature resolution k × k of sub-networks from 1 × 1 to 7 × 7 ( Table 5 ). The feature resolution of 5 × 5 shows the highest improvement and 1 × 1 degrades the detection accuracy as it crushes the boundary contexts. Feature Sharing. Each sub-network consists of a 1024 dimensional 1×1 convolution and the following relu for feature extraction and a (C + 1)k 2 dimensional 1 × 1 convolution as classification and a 8k 2 dimensional 1 × 1 convolution as regression for detection heads ( Table 6 ). The different use of 1 × 1 convolution for feature extraction lead to the improvement of 0.73 point in mAP. This experiment implies that the boundary context transfers a distinctive influence to the feature level as well as the detection head in learning. Pooling. The implementation of BAN is slightly different depending on the pooling method for extracting the visual context. We conduct experiments on two pooling methods: RoI pooling and PSRoI pooling. PSRoI pooling requires a small amount of resources because it is fully convolutional. RoI pooling highly improves the accuracy in detection because it is easy to extract the fundamental convolutional features for the boundary context (Table 7) .
Experiments on PASCAL VOC
We evaluate the proposed BAN on PASCAL VOC [10] that has 20 object categories (Fig. 6) . We train the models on the union set of 
Experiments on MS COCO
We evaluate the proposed BAN on MS COCO dataset [18] that has 80 object categories. We train the models on the union set of 80k training set and 40k validation set (trainval), and evaluate on 20k test-dev set. The COCO-style metric denotes mAP, which is the average AP across thresholds of IoU from 0.5 to 0.95 with an interval of 0.05. Our BAN improves 4.5 COCO-style mAP and 7.7 mAP with a threshold of 0.5 IoU from R-FCN [15] and 2.4 COCO-style mAP and 3.5 mAP with a threshold of 0.5 IoU from Deformable R-FCN [4] (Table 8) . We obtain the higher improvement in the detection accuracy for MS COCO with various classes and challenging environments, than PASCAL VOC.
Conclusions
We propose a boundary aware network (BAN) designed to exploit the boundary contexts and study empirically the influence of the boundary context on classification and bounding box regression. To show the effectiveness of BAN, we visualize the activation of the sub-networks according to the boundary contexts and empirically show that the boundary contexts of BAN contributes more strongly to the detection head intuitively related to the boundary context. These related contribution suggests that BAN implies distinct meanings than naive ensemble of sub-networks. We evaluate our method on PASCAL VOC detection benchmark dataset, which has 20 object categories and MS COCO dataset, which has 80 object categories. Our BAN improves mAP by 3.2 point from R-FCN and 1.2 point from Deformable R-FCN on PASCAL VOC and improves the COCO-style mAP by 4.5 point from R-FCN and 2.4 point from Deformable R-FCN on MS COCO. BAN allows the convolution network to provide an additional source of contexts for detection and selectively focus on more important contexts, and it can be generally applied to many other detection method as well to enhance the accuracy in detection.
As a future study, we will improve the detection accuracy by applying BAN to the entire network including RPN. In addition, we plan to develop a general version of BAN based on this study of the influence and relationship among the boundary contexts. 
